INTRODUCTION
Neural network was trained on Dset186 using PSSM, PRSA input files and ACH properties.
Based on the learning process, that takes place within the hidden layers trained neural networks return a numerical value between 0 and 1 for each residue. This may be transformed to binary state and interpreted as interacting or non-interacting residue. In this study, the residues were subjected to machine learning with an input layer consisting of 186 units (one unit per feature) and one binary output unit (interacting or non-interacting). After varying the number of hidden layers and the number of units in it, it was found that a network of one hidden layer with 15 units performed the best. Further, to analyze the learning process outcomes we performed Leave One Out Cross Validation (LOOCV), repeating 186 times, a process of considering one of the 186 protein sequences as test data while remaining being used for training. We obtained the following results upon performance evaluation using mathematical parameters. Prediction showed an overall MCC value and F-measure of 0.225 and 56.6% respectively.
Performance of SPRINGS on independent test datasets
The best performing neural network model on Dset186 obtained as above was named as SPRINGS (Sequence-based predictor of PRotein-protein interactING Sites). To gain insights into the predictability of protein-protein interaction sites using SPRINGS on sequences not related to those used in training, we screened previously reported Independent test dataset proteins, Dtestset72 (72 sequences excluded from training) as a benchmark of performance across existing solutions in this context. SPRINGS achieved an MCC of 0.170 and F-measure 31.8% as shown in Table 1 . MCC gives the correlation between the actual and predicted classes of residues, whereas F-measure enumerates the harmonic mean of precision and recall, both indicating the overall performance of SPRINGS though not highly promising to be encouraging.
After performance assessment on Dtestset72, SPRINGS was tested on PDBtestset164. SPRINGS achieved an MCC of 0.108 and F-measure 31.1% as shown in Table 2 . PSIVER followed the results of SPRINGS with an MCC of 0.078 and F-measure 29.5%.
Exploring Factors Influencing Performance of SPRINGS
As reported in earlier research work in protein interaction biology and observed in this study, predicting interacting sites is indeed challenging. Here we have contemplated few underlying aspects of proteins such as sequence length, amino acid type and secondary structure which have not been included as sequence feature vectors in the study for their possible contribution in interacting site prediction. This influence was explored systematically and the following insights were obtained as summarized. Protein 1n2c(ABCD) of a total length = 2000 residues was eliminated from our study to avoid extremity bias during trend analysis.
Proteins in the independent test dataset mentioned above showed lengths varying from 44 to 873 residues. Prediction performance (MCC) and potential length dependency show an overall negative correlation (Pearson's correlation coefficient r = -0.2) as per our study. To gain more insights into the specific contribution, we grouped the proteins into short length (< 200 amino acid residues; 59.2% in Dtestset72 and 59.8% in PDBtestset164) and long length (≥ 200 amino acid residues; 40.8% in Dtestset72 and 40.2% in PDBtestset164) and analyzed their prediction performance with respect to the percentage of interacting residues in a given protein. Our findings suggested that short length proteins showed a correlation (r) -0.2 and long length proteins showed a correlation (r) 0.4 respectively.
Other than the length, properties of proteins can largely be attributed to their innate amino acid residue composition. We analyzed the prediction performance of our approach in relation with the amino acid type as shown in Fig. 1 . In Dtestset72 the range of MCC was from 0.079 to 0.228 Table 3 .
Further, as reported in earlier research studies predicted structure information is known to enhance prediction of protein interaction sites [9] . Herein, we have explored if the content of experimentally observed secondary structures have an influence on the prediction rates. 2Struc [25] was used to extract secondary structure elements for analyses according to a reduced threestate representation: Helix (encompassing H, I, G), Strand (E) and Coil (all remaining elements), where H, I, G and E are from their DSSP definitions [26] . Fig. 2 shows specific prediction performance for Helix, Strand and Coils.
Comparison of SPRINGS with Previously Reported Approaches
Development of an effective computational approach requires objective comparison of the newly proposed method with previously reported solutions. As already stated in these studies, on account of difference in datasets, definitions of problems and approaches, a direct comparison with the performance published in the literature is nearly impossible [7] . However, a purposeful performance analysis of various predictors for protein-protein interaction sites was done to gain insights into the prediction power of our developed method. Since, MCC is considered to be the best assessor for the overall performance in machine learning, representing how well predictions correlate with observed class labels [27] we assessed SPRINGS, PSIVER, ISIS and SPPIDER based on MCC values.
The performance of SPRINGS was compared with the three above mentioned servers, i.e., PSIVER, ISIS and SPPIDER on Dtestset72 which was divided into three categories namely the rigid body cases, the medium cases and the difficult cases [7] . SPRINGS achieved an MCC of 0.167 and an F-measure of 31.3% in case of the rigid body cases; an MCC of 0.197 and an Fmeasure of 33.7% in case of medium cases; and an MCC score of 0.142 and F-measure of 32.8%for the difficult cases. The assessment parameters obtained with PSIVER, ISIS and SPPIDER are shown in Table 1 for comparative analysis.
Following Dtestset72, comparative analysis of SPRINGS was carried out on PDBtestset164 with PSIVER which outperformed other methods ISIS and SPPIDER ( Table 2 ). The MCC score and F-measure obtained by SPRINGS was 0.108 and 31.1% whereas for PSIVER the values were 0.078 and 29.5% respectively.
DISCUSSION
This article presents a novel computational approach (SPRINGS) using artificial neural networks for predicting protein-protein interaction sites based on evolutionary conservation, averaged cumulative hydropathy and predicted relative solvent accessibility of protein sequences. Training of the neural networks was done on Dset186 containing filtered protein chains from PDB.
Performance assessment of the trained neural network was done using LOOCV and then testing was performed on independent test datasets Dtestset72 and PDBtestset164. Summary of prediction results indicated that the performance of SPRINGS was encouraging with an overall MCC of 0.170, outperforming existing approaches such as PSIVER, SPPIDER and ISIS.
PSIVER among them showed comparable prediction performance. Further, among the categories of rigid body, medium cases and difficult cases, the overall performance of SPRINGS was observed to be better than others. Since a few residues in protein-protein interfaces are isolated, one can filter the raw predictions by simply omitting isolated predictions [7, 8] . It must be noted here that Dtestset72 and PDBtestset164 were created on the assumption that any residue not observed in the given complexes is treated as negative. Therefore, it might be possible that the selected datasets may still have additional protein-protein interaction sites; affecting the performance of the methods, overall extending scope for advanced research in protein interaction biology.
However, to understand the prediction performance of SPRINGS at a greater depth in the current scenario, we explored few possible factors which might have an influence on the identification of interacting residues, such as protein sequence length, amino acid type and secondary structure in the independent test datasets. Our findings suggested that the length of protein sequences had no clear influence on the prediction. For the short length proteins, there was no significant bias with respect to the percentage presence of protein-protein interaction sites. However, for long length proteins, the performance of SPRINGS was positively influenced (Pearson's Correlation Coefficient = 0.4). Also, there was no specific or significant bias noticed in the prediction performance of SPRINGS whether it was regarding type of amino acids or secondary structure element.
As per the existing knowledge and approaches, SPRINGS, closely followed by PSIVER could help in recognition of protein-protein interacting sites. As of now, the proposed method may successfully provide experimental biologists an aid to correctly identify potential interacting residues in uncharacterized proteins. This sequence based approach is likely to be broad-ranged having an advantage of utilizing important protein properties such as evolutionary conservation, averaged cumulative hydropathy and predicted relative solvent accessibility over previously reported methods. Additionally, information on protein structures may be used to complement prediction of SPRINGS for reliable identification of protein-protein interaction sites. The findings of our study are likely to boost studies based on targeted mutation, drug development and enzymes for various profitable biotechnological applications. 
